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Large language models (LLMs) and large visual-language models (LVLMs) have exhibited near-human
levels of knowledge, image comprehension, and reasoning abilities, and their performance has
undergone evaluation in somehealthcare domains.However, a systematic evaluationof their capabilities
in cervical cytology screening has yet to be conducted. Here, we constructed CCBench, a benchmark
dataset dedicated to the evaluation of LLMs and LVLMs in cervical cytology screening, and developed a
GPT-based semi-automatic evaluation pipeline to assess the performance of six LLMs (GPT-4, Bard,
Claude-2.0, LLaMa-2, Qwen-Max, and ERNIE-Bot-4.0) and five LVLMs (GPT-4V,Gemini, LLaVA, Qwen-
VL, and ViLT) on this dataset. CCBench comprises 773 question-answer (QA) pairs and 420 visual-
question-answer (VQA) triplets,making it the first dataset in cervical cytology to includebothQAandVQA
data. We found that LLMs and LVLMs demonstrate promising accuracy and specialization in cervical
cytology screening.GPT-4achieved thebestperformanceon theQAdataset,withan accuracyof 70.5%
for close-ended questions and average expert evaluation score of 6.9/10 for open-ended questions. On
the VQAdataset,Gemini achieved the highest accuracy for close-endedquestions at 67.8%,whileGPT-
4V attained the highest expert evaluation score of 6.1/10 for open-ended questions. Besides, LLMs and
LVLMs revealed varying abilities in answering questions across different topics and difficulty levels.
However, their performance remains inferior to the expertise exhibited by cytopathology professionals,
and the risk of generating misinformation could lead to potential harm. Therefore, substantial
improvements are required before these models can be reliably deployed in clinical practice.

Cervical cancer is one of the most commonly diagnosed cancers and a
leading cause of cancerdeath inwomen. In 2022, therewere 661,021women
diagnosedwith cervical cancer and 348,189 died of the disease in theworld1.
Cervical cancer screening facilitates early diagnosis and timely intervention
and treatment, thereby reducing the incidence and mortality of cervical
cancer2.

Manual screening requires doctors to identify a small number of lesion
cells among tens of thousands under amicroscope, which is labor-intensive

and experience-dependent3. Artificial intelligence (AI)-assisted screening
systems3–12 can significantly improve screening efficiency and reduce doc-
tors’ workload. However, they are typically task-specific, such as lesion
detection and image classification, and lack the capabilities to make cyto-
pathological interpretation and reasoning like a cytopathologist. Recently
emerging large language models (LLMs) and large visual-language models
(LVLMs), such as GPT-413, Bard14, Gemini15, and Claude16, have exhibited
near-human or even human-level performance inmedical-related tasks17–21
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and are promising candidates for the application in cervical cytology
screening.

The application of general-purpose LLMs and LVLMs in the medical
field faces challenges related to accuracy22, bias, ethical concerns, and
knowledge hallucination23, toxicity24. To ensure the reliability of LLMs and
LVLMs for specific clinical tasks, it is necessary to systematically evaluate
their performance using standardized datasets. Recent works on evaluating
LLMs inmedical related tasks indicate the supportive role ofLLMinmedical
education25, research26, and clinical practice27. However, in cervical cytology
screening, there is a lack of a standardized benchmark dataset and sys-
tematic evaluation of the performance of different LLMs and LVLMs.

In this study, we constructed a benchmark dataset, termed CCBench,
designed for LLMs and LVLMs evaluation in cervical cancer screening, and
developed a GPT-based semi-automatic evaluation pipeline. CCBench
consisted of 773 question-answer (QA) pairs and 420 visual-question-
answer (VQA) triplets, which were constructed by utilizing the textual and
image-text paired contents extracted from the widely recognized the
Bethesda system (TBS) textbook. The performance of LLMs and LVLMs on
CCBenchwas assessed usingmultifacetedmetrics, such as accuracy, GPT-4
basedG-Eval score28, and expert evaluation score.We found that LLMs and
LVLMs demonstrated promising accuracy and specialization in cervical
cytology screening. On the QA dataset, the average accuracy across all
models was 62.9% for close-ended questions, and the average expert eva-
luation score was 6.3/10 for open-ended questions. Notably, GPT-4
achieved the best performance, with an accuracy of 70.5% for close-ended
questions and average expert evaluation score of 6.9/10 for open-ended
questions. On the VQA dataset, the average accuracy across all models was
55.0% for close-ended questions, and the average expert evaluation score
was 5.15/10 for open-ended questions. Gemini achieved the highest accu-
racy of 67.8% for close-ended questions, while GPT-4V attained the highest
average expert evaluation score of 6.1/10 for open-ended questions. Besides,
the abilities of LLMs and LVLMs exhibited significant variation on ques-
tions across different topics and difficulty levels. However, there remains a
disparity between their responses and those of cytopathologists. The risk of
generating misinformation could lead to potential harm, emphasizing the
need for further refinement of thesemodels to ensure their reliability before
deployment in clinical practice. We have publicly released our dataset and
codebase to promote future research and contribute to the development of
the open-source community.

Results
Benchmark dataset CCBench
Due to the lack of datasets for evaluating the performance of LLM and
LVLM in cervical cytology screening, we first constructed CCBench, a
benchmark dataset sourcing from the TBS textbook29. Through a GPT-4
based semi-automatic pipeline (Fig. 1a, Construction of QA and VQA
datasets in “Methods” section, andSupplementaryNote1),we extracted128
image-text pairs and 424 textual knowledge points from the textbook and its
online atlas (https://bethesda.soc.wisc.edu), and created a QA sub-dataset
(773 QA pairs) and a VQA sub-dataset (420 image-question-answer tri-
plets) (Fig. 1b). The QA dataset encompasses knowledge points from the
chapters of endometrial cells (7.50%), atypical squamous cells (12.16%),
squamous epithelial cell abnormalities (41.01%), and glandular epithelial
cell abnormalities (39.33%) (Fig. 1d). The VQA dataset covers the chapters
of non-neoplastic findings (31.67%), atypical squamous cells (20.71%),
squamous epithelial cell abnormalities (22.86%) and glandular epithelial cell
abnormalities (15.95%), and other malignant neoplasms (8.81%). The
knowledge points in each chapter are from sections of criteria, definition,
explanatory notes, problematic patterns, and tables (Fig. 1d), which provide
guidelines and protocols for collecting, preparing, staining, and evaluating
cervical cell samples, terms for uniform terminology and classification,
additional explanations about interpreting and applying the criteria, com-
plex cases encountered in clinical practice, and standardized forms and
templates for recording and reporting cervical cytopathological findings,
respectively. We evaluated the performance of LLMs and LVLMs using

close-ended and open-ended questions (Fig. 1b), which were designed to
simulate real-world clinical scenarios in cervical pathology screening. Figure
1c, e, f, and g showed the characteristics of the questions and answers in the
QA and VQA dataset, including the first three words of questions (Fig. 1c),
distribution of question length (Fig. 1e) and answer length (Fig. 1f), and the
top 50 most frequent medical terms in the questions and answers (Fig. 1g).

Evaluation pipeline
We developed a semi-automated evaluation pipeline (Fig. 2) to access the
performance of LLMs and LVLMs and utilized prompt engineering, con-
versation isolation, and result post-processing to enhance the reliability of
the evaluation process. Firstly, prompts and questions were simultaneously
fed intomodels to generate answers. The prompts served to instructmodels
in generating specific answers and directly impacted the quality of answers.
Thus, we needed to provide themodels with relevant knowledge in advance
to ensure thatmodels accurately comprehended the context of the questions
and responded using specialized terminology. We elaborated system
prompts for each dataset, ensuring that all models receive consistent con-
text, prior knowledge, behavioral instructions, and answer format (Sup-
plementary Note 2). Inspired by the chain of thought framework30, in these
system prompts, we required the models to generate answers step by step
and provide reasons for their answers, and created different response
templates and question-answer examples for both close and open-ended
questions (Supplementary Note 2d). Besides, Models were deployed
through application programming interface (API) calls to ensure efficiency
and prevent interference between dialogues and data leakage during ques-
tioning (i.e., conversation isolation). Then, we employed manual review to
assess and handle unformatted answers (Supplementary Table 1 and
Unformatted answers processing in “Methods” section). Finally, we used
statistical metrics, LLM-based G-Eval score28, and expert evaluation to
assess the answers (Evaluation metrics in “Methods” section).

Performance on QA dataset
We assessed the performance of five commercial closed-source LLMs
(GPT-4, Bard, Claude-2.031, Qwen-Max32, and ERNIE-Bot-4.033) and one
open-source LLM (LLaMa-2) on the QA dataset. We employed accuracy,
precision, recall, F1 score, and specificity to evaluate the answers of different
LLMs on the close-ended questions in the QA dataset (Fig. 3a, b). GPT-4
demonstrated the highest accuracy (0.705) (Fig. 3a), and Qwen-Max
obtained the highest precision (0.764), recall (0.866), and F1 score (0.812)
(Fig. 3b). While Bard and LLaMa-2 demonstrated outstanding specificity,
their low recall values highlighted a significant risk of false negatives,
underscoring potential limitations in their clinical reliability (Fig. 3b).

For the open-ended questions in theQAdataset, we utilized the expert
evaluation scores and G-Eval scores to assess the quality of the answers of
LLMs. All three experts agreed that GPT-4 achieved superior performance,
earning the highest average expert evaluation score of 6.9/10 (Fig. 4a). In
terms of the number of times receiving the highest ratings from experts,
whether from a single expert (Fig. 4b) or multiple experts simultaneously
(Fig. 4c), GPT-4 received themost recognition, followed byClaude-2.0. The
consistency matrix of the three experts illustrated the degree of agreement
among them in ranking themodels (Fig. 4d). The G-Eval scores of different
LLMs were consistent with those from expert evaluation, with GPT-4
achieving the second highest G-Eval score (Fig. 4e). The example answers
fromdifferent LLMs to the same questions revealed their varying abilities to
comprehend and response accurately (Fig. 4f, g). The answers from GPT-4
and Claude-2.0 were more accurate and consistent with the ground truth
(Fig. 4g).

Figure 5a shows the performance of different LLMs on the QA
dataset across different chapters. For the close-ended questions, LLMs
exhibited varying levels of accuracy across questions on different topics
(i.e., chapters). GPT-4, Claude-2.0, and Qwen-Max demonstrated high
accuracy on the questions about glandular epithelial cell abnormalities
(Ch.6), while all the models obtained relatively low accuracy on the
questions about endometrial cell (Ch. 3). For the open-ended questions,
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GPT-4, Claude-2.0, and Qwen-Max showed superior capabilities in
resolving questions about atypical squamous cells (Ch. 4), achieving
consistently high scores of G-Eval and expert evaluation. We retro-
spectively divided the questions into three difficulty levels based on the
answers of LLMs (Fig. 5c). For the close-ended questions, questions with

fewer than two LLMs answering incorrectly were classified as “easy”,
those with two to four LLMs answering incorrectly as “normal”, and
thosewithmore than four LLMs answering incorrectly as “hard”. For the
open-ended questions, questions were sorted according to their average
expert evaluation scores across all models, and the top 25% were

Fig. 1 | Construction pipeline of CCBench and its characteristics. a The GPT-4
based semi-automatic pipeline for dataset construction. Textual knowledge points
and image-text pairs were extracted from theTBS textbook and its online atlas. GPT-
4was then employed to generate close/open-endedQA pairs andVQA triplets using
these data, followed by a manual review to ensure their quality. b QA pair (middle)
and VQA triplets (right) examples generated from the TBS textbook (left). c The

distribution of the first three words of open-ended questions in the CCBench, with
the order of words radiating outward from the center. d The proportion of knowl-
edge points from different chapters and sections of the textbook. e, fDistribution of
question length (e) and answer length (f) inQAandVQAdatasets. gThe top 50most
frequent medical terms in the questions and answers of CCBench.
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classified as “easy”, the bottom 25% as “hard”, and the remaining
questions as “normal”. For the close-endedQA task, GPT-4 obtained the
highest accuracy (0.682) on the normal questions, while Qwen-Max
retained the highest accuracy (0.954) on the easy questions. However, all
the LLMs demonstrated low accuracies when addressing the hard
questions (Fig. 5c). For the open-ended QA task, GPT-4 obtained an
overall higher G-Eval score and expert evaluation score across three

difficulty levels (Fig. 5c). As the difficulty level of question increased, the
performance of all the LLMs decreased (Fig. 5c).

Performance on VQA dataset
We assessed the performance of three commercial closed-source LVLMs
(Gemini, GPT-4V, andQwen-VL) and two open-sourceLVLMs (ViLT and
LLaVa) on the VQA dataset. We employed accuracy, precision, recall, F1

Fig. 3 | Performance of different LLMs and LVLMs on the close-ended questions in QA and VQA dataset. a, c Accuracy of different LLMs (a) and LVLMs (c). b, d
Precision, recall, F1 score, and specificity of different LLMs (b) and LVLMs (d).
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score, and specificity to evaluate the answers of different LVLMs on the
close-ended questions in the VQA dataset (Fig. 3c, d). Gemini achieved the
highest accuracy (0.678) (Fig. 3c) and precision (0.736), and the second
highest recall (0.811) and F1 score (0.772) (Fig. 3d), demonstrating its
superior overall effectiveness in accurate judgments. Although Qwen-VL
stood out with the highest recall (0.994) and F1 score (0.788) (Fig. 3d), it
obtained significantly lower specificity (0.074) (Fig. 3d), demonstrating its
high risk of producing false positives.

For the open-ended questions in the VQA dataset, all three experts
agreed that GPT-4V achieved significantly superior performance than the
others (Fig. 6a). In termsof thenumber of times receiving the highest ratings
from experts, whether from a single expert (Fig. 6b) or multiple experts
simultaneously (Fig. 6c), GPT-4V received the most recognition. The
consistency matrix of the three experts illustrated the degree of agreement
among them in ranking the models (Fig. 6d). Additionally, GPT-4V
obtained higher G-Eval scores (Fig. 6e). Although GPT-4V and Gemini
occasionally produced incorrect results, they can identify certain cell sub-
types in a complex smear; in contrast, LLaVa may refuse to answer, and
Qwen-VL may only provide descriptions of cytological features (Fig. 6f).
GPT-4V can accurately describe smear characteristics, while other LVLMs

exhibited some hallucinations34, introducing fabricated information that
could potentially mislead clinical decision-making (Fig. 6g).

Figure 5b shows the performance of different LVLMs on the VQA
dataset across different chapters. For the close-ended questions, Qwen-VL
obtained the highest accuracy on questions about squamous epithelial cell
abnormalities (Ch. 5), glandular epithelial cell abnormalities (Ch. 6), and
other malignant neoplasms (Ch. 7), but the lowest at non-neoplastic find-
ings (Ch. 2) and atypical squamous cells (Ch. 4), which may result in the
overall lowaccuracy (Fig. 3c).Geminidemonstrated relativelyhighaccuracy
across all topics. For the open-ended questions, GPT-4V obtained the
highest expert evaluation scores on questions from all chapters, especially
the questions about atypical squamous cells (Ch. 4), squamous epithelial cell
abnormalities (Ch. 5), and other malignant neoplasms (Ch. 7). However,
there were deviations between the results of G-Eval and expert evaluation,
which may be limited to the ability of G-Eval framework. Similarly, the
questions in the VQA dataset were divided into three difficulty levels based
on the answers of LVLMs (Fig. 5d). For the close-endedquestions, questions
with fewer than one LVLM answering incorrectly were classified as “easy”,
those with two to three LVLMs answering incorrectly were deemed “nor-
mal”, and questions with more than three LVLMs providing incorrect

Fig. 4 | The performance of different LLMs on the open-ended questions in QA
dataset. aThe average expert evaluation scores of different LLMs from three experts.
b The number of times that different expert recognizes each LLM performs better
than all othermodels. cThe number of times that each LLM is recognized as the best
by 1, 2, or all 3 experts simultaneously. dThe average Spearman’s rank correlation of
evaluation among experts. e The distribution of G-Eval scores of different LLM. The

data are shown as boxplots andwhiskers (min tomax) with all data points, where the
upper and lower hinges represent the 25th and 75th percentiles, and the center is the
average score. f, gTwo representative questions and answers fromdifferent LLMs, as
well as their corresponding G-Eval scores and expert evaluation scores. Owing to
space constraints, the reasoning part of the answer was not shown.
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answers were categorized as “hard”. The open-ended questions were
designated as “easy” or “hard” if they fell within the top 30% or bottom 30%
of the average expert evaluation scores across all models, and the remaining
questions as “normal”. As the difficulty level of question increased, the
performance of all the LVLMs decreased (Fig. 5d). For the close-ended
questions, Gemini obtained the highest accuracy on easy and normal
questions (Fig. 5d).However, all the LVLMsobtained low accuracies (below
0.5) on hard questions (Fig. 5d). For the open-ended questions, GPT-4V
consistently obtained higher expert evaluation scores across all three diffi-
culty levels (Fig. 5d).

Error pattern analysis in LVLMs
To better understand the reasoning processes of different models in cer-
vical cytology interpretation,we analyzed error patterns in their responses
across VQA datasets. Our analysis revealed several common error pat-
terns shared across different models, providing insights into their lim-
itations when handling specialized medical tasks (Fig. 7). We identified
twomain categories of errors: knowledge-based errors and hallucination-
based errors. Knowledge-based errors included misclassification/feature
identification errors and answer matching failures, which manifested
when models generated responses that were grammatically correct and
potentially factually accurate in isolation but failed to directly address the
question posed. For example, both GPT-4V and Gemini produced well-
formatted responses that appeared professional but did not identify the
key cytomorphological features described in the reference answer (Fig.
7a). They missed critical diagnostic elements such as glandular archi-
tecture, irregular chromatin distribution, and prominent macronucleoli,
which are essential features for identifying endocervical adenocarcinoma.
Misclassification and feature identification errors also occurred when

models failed to correctly identify or classify cytomorphological features
critical for diagnosis.

Among the hallucination-based errors, logical reasoning failures
were particularly concerning. Although both GPT-4V and Gemini cor-
rectly identified some cellular features like nuclear enlargement and
hyperchromasia, they made unsupported diagnostic leaps to wrong
subclass such as high-grade squamous intraepithelial lesion (HSIL) or
squamous cell carcinoma (SCC) (Fig. 7b). This tendency to reach pre-
mature conclusions without sufficient evidence represents a critical lim-
itation inmedical diagnosis contexts. In addition, instruction drifting was
observed when models failed to adhere to the specific requirements of the
prompt; for instance, when asked to identify the components of a three-
dimensional cluster, multiple models instead attempted to provide a
diagnosis, completely diverging from the instructional intent (Fig. 7b).
Fluent nonsense generation was notably observed in LLaVA’s responses
across both examples. LLaVA made illogical inferences about cell
abnormality based solely on color attributes—stating that cells were
“predominantly blue and purple in color, indicating that they are likely
abnormal or atypical”—a conclusion with no cytopathological validity.
Similarly (Fig. 7a), LLaVA produced text that, while grammatically
coherent, offered no meaningful description of the cellular morphology
shown in the image (Fig. 7b). The prevalence of these error patterns across
different models suggests common limitations possibly stemming from
similar training approaches or knowledge gaps, and the parallel reasoning
failures observed indicate fundamental challenges in medical reasoning
that require targeted improvements beyond general model capabilities.
These findings underscore the need for careful assessment and potentially
domain-specific refinement before deploying such models in clinical
cytopathology settings.

Fig. 5 | Performance of different LLMs and LVLMs across different chapters and
difficulty levels. a, b The performance of different models on QA (a) and VQA (b)
datasets across different chapters. c, d The performance of different models on QA
(c) and VQA (d) datasets across three difficulty levels: “easy”, “normal”, and “hard”.

The titles of the chapters are as follows: non-neoplastic findings (Ch. 2), endometrial
cell (Ch. 3), atypical squamous cells (Ch. 4), squamous epithelial cell abnormalities
(Ch. 5), glandular epithelial cell abnormalities (Ch. 6), and other malignant neo-
plasms (Ch. 7).
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Discussion
It is of great concern to evaluate the performance of LLMs and LVLMs on
specific clinical tasks before their deployment in clinical practice. This study
constructedadedicatedbenchmarkdatasetCCBench(Fig. 1) anddeveloped
a GPT-based semi-automated evaluation pipeline (Fig. 2) to assess the
performance of popular LLMs and LVLMs in cervical cytology screening.
Across the QA tasks, GPT-4 demonstrated better overall performance than
the other LLMs, with higher accuracy for close-ended questions (Fig. 3a)
andmore recognition from the experts for open-ended questions (Fig. 4). In
the more challenging VQA tasks, Gemini exhibited better overall perfor-
mance for close-ended questions (Fig. 3c, d), while GPT-4V obtained sig-
nificantly more recognition from the experts for the open-ended questions
(Fig. 6). Our study highlighted the advanced text comprehension capability
of GPT-4 and the superior cytopathological image understanding and
reasoning abilities of both Gemini and GPT-4V, suggesting they may serve
as promising alternatives for the cervical cytology screening application.

Moreover, the benchmark dataset CCBench and the well-designed eva-
luation pipeline can serve as valuable tools for assessing LLMs and LVLMs
before their deployment in cervical cytology screening application.

Although the evaluated LLMs and LVLMs (such as GPT-4, GPT-4V,
andGemini) have shownpromising results in text and imageunderstanding
and reasoning tasks for cervical cancer screening, there are still defects
hindering their application in clinical practice. They may generate correct
answers mixed with erroneous information (Figs. 4g, 6f, g), which could
negatively impact medical diagnoses. Besides, they are obviously incom-
petent in solving relatively difficult questions, and their performance on
close-ended tasks is even lower than the random baseline (Fig. 5c, d).
Despite prior knowledge about cervical cancer screening being provided in
system prompts (Supplementary Note 2e), it is still limited and insufficient
compared to theknowledge reserveof cytopathologists. Thus, utilizingmore
specializeddata about cervical cancer screening tofine-tune themodelsmay
further enhance their performance and reliability.

Fig. 6 | The performance of different LVLMs on the open-ended questions in
VQA dataset. aThe average expert evaluation scores of different LVLMs from three
experts.bThenumber of times that different expert recognizes each LVLMperforms
better than all other models. cThe number of times that each LVLM is recognized as
the best by 1, 2, or all 3 experts simultaneously. d The average Spearman’s rank
correlation of evaluation among experts. e The distribution of G-Eval scores of
different LVLM. The data are presented in the form of boxplots and whiskers,
encompassing the entire range from minimum to maximum values, with the upper

and lower hinges corresponding to the 25th and 75th percentiles, respectively. The
dashed line denotes the average score. f, gTwo representative questions and answers
from different LVLMs, as well as their corresponding G-Eval scores and expert
evaluation scores. The reasoning part of the answer was not shown due to space
constraints. Due to the context length limitation, ViLT could not process questions
with a length acceptable by other models during open-ended question evaluations,
and therefore, it was not assessed.
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We acknowledge the limitations of this study. The CCBench was
constructed from the representative data in the TBS textbook, which
ensured its reliability and standardization. However, in clinical practice, the
variations in staining and imaging characteristics35 pose additional chal-
lenges for LVLMs. To further assess the capability of LVLMs in real-world
clinical scenarios and mitigate potential data contamination concerns, we
constructed a private VQA dataset using real-world clinical pathological
smear images. The evaluation results on our private clinical dataset (Sup-
plementary Note 3, Supplementary Fig. 1) aligned with our findings on the
CCBench dataset, confirming the reliability of our evaluation method and
the capabilities of the evaluated models. Besides, incorporating a larger
volume of high-quality, heterogeneous data from real-world clinical sce-
narios, such as data extracted from clinical cases, could further enhance the
reliability of the evaluation results and help identify potential issues and
limitations of LLMs and LVLMs.

Methods
Construction of QA and VQA datasets
Knowledge points extraction. The TBS standard29 is a widely recog-
nized gold standard for cytopathological interpretation in cervical
cytology, widely accepted by cytopathologists worldwide. The TBS
textbook establishes a grading system for cervical cytopathology, clearly
defines the interpretation criteria for each grade, provides numerous
complex case examples and expert interpretations of smear images, and
standardizes the terminology used in cytological evaluation. Moreover,
there is a large number of high-quality image-text paired data in the TBS
textbook and its online atlas (https://bethesda.soc.wisc.edu). The online
atlas offers the higher-resolution versions of the images presented in the
textbook. Thus, we used the TBS textbook and its online atlas as the data
source and extracted key knowledge points and images (the high-
resolution versions in the online atlas were used), which can serve as a
benchmark for assessing whether LLMs or LVLMs possess the capability
of cytopathological interpretation. We manually extracted sentences
from the background, criteria, definition, explanatory notes, and pro-
blematic patterns sections, as well as from tables and figure captions. To
avoid loss of contextual information, we replaced the pronouns in the

sentences using content to which they refer. Each image was saved in
‘png’ format, and its corresponding caption and associated text were
saved as ‘txt’ file. In each sentence, we replaced pronouns, conjunctions,
and elements that imply connections to surrounding sentences with the
elements they actually referred to, and removed footnotes and citation
information. Sentences were manually revised to enhance their fluency
and coherence. For the image-text pairs, we removed pairs unrelated to
pathology-related topics, corrected any mismatches, split grouped ima-
ges into individual images, and removed marks (e.g., figure numbers and
arrows) from the images.

QA pair and VQA triplet generation. We developed a GPT-4-based
semi-automated pipeline (Fig. 1a) to convert the extracted texts and
images into QA pairs and VQA triplets. For the QA dataset construction,
the extracted sentences were commonly long and complex. Thus, uti-
lizing prompt engineering (Supplementary Note 1), we decomposed and
simplified the sentences to make each sentence focus on a single
knowledge point. We retained sentences describing cell morphology and
grading, supplemented incomplete sentences, and excluded those con-
taining the term “follow-up”. Then, we defined rules for GPT-4 to gen-
erate questions and answers based on these sentences. To ensure the
variety of questions, we required the generated questions to include the
terms “what”, “where”, “when”, “how much”, “how many” or “is”. The
questions and answers were mandated to be coherent and prohibited
from using pronouns like “these”. Besides, the system prompts also
included few-shot examples, specific prompting rules, and context-aware
prompting standards to help GPT-4 generate compliant QA pairs more
effectively. Finally, the pipeline used regular expressions to match and
collect the correctly formatted QA pairs, their reasoning, and any doubts
regarding the knowledge points in the input sentences. ThefinalQApairs
were determined through manual review and verification, ensuring their
conformity to the rules specified in the prompts (Supplementary Note 1).

For theVQAdataset construction, since the sentences in captionswere
generally simpler than those for QA dataset construction, we did not per-
form sentence simplification. We only split a single caption into multiple
sentences using GPT-4. We formulated additional rules (Supplementary

Fig. 7 | Error pattern analysis across different LVLMs. a Examples of error patterns in identifying endocervical adenocarcinoma characteristics. b Error patterns in
identifying three-dimensional cell cluster features.
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Note 1b) to exclude descriptions unrelated to cytopathology and sentences
that evaluate cell types or smear types, and extracted the subject from the
context for the sentence lacking a subject. Following the same pipeline used
in QAdataset construction, firstly, we generated QA pairs, their underlying
reasoning, and any doubts regarding the knowledge points in the input
sentences. Then, the QA pairs and their corresponding images constituted
the VQA dataset.

For the close-endedquestions in bothdatasets,weusedGPT-4 to insert
“not” into some questions to convert their answers from “yes” to “no,”
aiming for a balanced distribution of “yes” and “no” responses. All the QA
pairs andVQA triplets inQAandVQAdatasets weremanually reviewed to
identify and correct logic, grammar, context, question phrasing, and type
categorization errors.

Competing models
We selected the state-of-the-art commercial closed-source models Claude-
2.0, GPT-4, Bard, Qwen-Max, and ERNIE-Bot-4.0 for text-based language
tasks, andGPT-4V,Qwen-VL, andGemini formultimodal tasks.We chose
three popular open-source models: ViLT, LLaMa-2, and LLaVA (the
multimodal extension of LLaMa-2).Weused the latest andmost commonly
used version of eachmodel at the time of evaluation (Supplementary Table
2). For the Gemini model, we selected the version accessible via API. We
disabled the network access of all internet-enabled model APIs during the
evaluation. In addition, in order to reflect the actual capabilities of each
model and ensure that there were no hyperparameters that affected the
smooth progress of the experiment, the hyperparameters of each model
were kept at their default settings without any modifications.

Unformatted answers processing
We instructed the models to answer in a specific format for each task
(Supplementary Note 2d) and subsequently performed a validity check on
the format of answers (Supplementary Table 1). For close-ended and open-
ended tasks inQA datasets, as well as close-ended tasks in the VQAdataset,
we required the answers to be formatted in JSON, consisting of two key-
value pairs: “answer” and “reason”. Due to the context length limitation of
ViLT and the capability constraint of Qwen-VL, we were unable to collect
answers from them in JSON format and only requested unformatted
answers. Subsequently, we converted these unformatted answers into the
correct format using GPT-4. For open-ended tasks in the VQA dataset,
imposing strict formatting requirements could negatively affect the quality
of the answers due to the complexity of the task. Therefore, all models
provide answers in an unformatted form. There were four types of unfor-
matted answers: formatting issues, blank responses, unexpected returns,
and refuse to answer (SupplementaryTable 1), which corresponded to cases
where the model did not adhere to the prescribed JSON format, produced
blank responses for unknown reasons, exhibited incorrect answer format
due to a misunderstanding of the question (e.g., answering open-ended
questions in a close-ended format or generating irrelevant contents), and
avoided directly answering the question, respectively. We only retested
answers with formatting issues and blank responses. Since answers with
formatting issues were automatically retested by an error correction pro-
gramwithin the pipeline,we did not record their occurrence. The remaining
two types of answers reflected the comprehension capability of the model,
and thus, no additional processing was performed.

Evaluation metrics
We used accuracy, specificity, precision, recall, and F1 score to evaluate the
performance of different LLMs and LVLMs on close-ended questions. For
the open-ended questions, we conducted extensive expert evaluation to
assess the quality of answers. Three experienced expertsmanually scored the
answers according to custom criteria, which comprehensively evaluated the
accuracy, completeness, logic, precision, risk awareness, and conciseness of
the answers (Supplementary Tables 3 and 4). The maximum expert eva-
luation score is set to 10 points. Besides, we employed G-Eval score28 to
assess the quality of answers generated bymodels automatically. G-Eval is a

framework that uses LLM (we used GPT-4 in this study) to evaluate LLM
outputs based on custom criteria. The custom evaluation criteria of G-Eval
were consistentwith those used in expert evaluation (Supplementary Tables
3 and 4). The maximum value of the G-Eval score was set to 1 point. To
avoid the rater bias between different experts, we employed the mean
Spearman’s rank correlation coefficient36 across all the questions to assess
the consistency of experts’ rankings derived from their evaluation scores.

Institutional review board statement
The collection of data for the private VQA dataset (Supplementary Note 3)
was approved by the Medical Ethics Committee of Medical Ethics Com-
mittee of Tongji Medical College at Huazhong University of Science and
Technology. The collection and analysiswere conducted in accordancewith
the Declaration of Helsinki.

Data availability
WereleaseCCBechdataset atGoogleDrive (https://drive.google.com/drive/
folders/1TBIUX74JKIdaU5C3YrTGMO7QJ_t0pVdK) The source data
underlyingFigs. 1c–g, 3, 4a–e, 5, and6a–e, are provided as a SourceDataFile.

Code availability
We release all code used to produce themain experiments. The code can be
found at the GitHub repository: https://github.com/systemoutprintlnhello
world/CCBench.
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