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SlideChat is a multimodal generative 
artificial intelligence assistant for  
whole-slide computational pathology  
across cancer types
 

Ying Chen1,2,3,12, Chenglong Ma    1,2,12, Qiongqiong Li4, Fang Yan    1, Yirong Chen1, 
Tianbin Li1, Jin Ye1, Ming Hu1, Yuxiang Lin    5, Yanjun Li1, Guoan Wang1, 
Huihui Xu1, Hui Dong6, Xiang Wang7, Xiaoxiao Xu4, Yanyan Zhou4, Xia Zhu8, 
Sen Yang    9, Xiyue Wang    9, Lu Zhang10, Yu Qiao1,2,11, Rongshan Yu    3,5  , 
Junjun He    1,2   & Yuanfeng Ji    9 

Multimodal artificial intelligence, albeit showing great potential in 
computational pathology, remains limited to isolated patch-level 
interpretation and often fails to analyze gigapixel-scale whole-slide images 
(WSIs) essential for clinical utility. Here we present SlideChat, a multimodal 
generative artificial intelligence assistant for whole-slide computational 
pathology across cancer types. SlideChat integrates patch-level and 
slide-level pathology encoders with a pretrained large language model. 
Using 274,233 multimodal instruction samples, SlideChat is trained to 
learn the associations between WSIs and diagnostic reports and interpret 
complex queries in clinical practice. Evaluated on 8,836 closed-ended 
questions, 129 open-ended questions and 3,149 WSI reports from five 
cohorts spanning 31 cancer types, SlideChat outperformed leading 
baselines by 19.1% in closed-ended accuracy and by 7.7% in report-generation 
Metric for Evaluation of Translation with Explicit Ordering score and 
received the highest expert ratings across five dimensions in open-ended 
question answering, showing the potential to enhance diagnostic 
workflows, medical education and clinical decision-making.

Computational pathology is pivotal in modern diagnostics by enabling 
precise, quantitative analysis of digitized histopathological slides, 
which are fundamental for cancer diagnosis, prognosis and treat-
ment planning1–4. Recently, this field has gained rapid momentum 
with advances in visual foundation models5–7 and vision–language 
models8–11. These models learn generalizable representations from 
large-scale data and perform effectively across diverse pathological 
tasks12,13. Incorporation of large language models (LLMs) into visual 
systems has further driven the emergence of multimodal large lan-
guage models (MLLMs) for pathology14–16, enabling human–artificial 

intelligence (AI) interactions across clinical decision-making, medical 
education and biomedical research.

Despite these advances, existing pathology MLLMs remain con-
strained by patch- or region-level analysis14–16, focusing on isolated 
areas of the slide while lacking awareness of broader tissue context. 
Such approaches are inadequate for real-world clinical pathology, 
which demands slide-level and even patient-level analysis and inte-
gration of information across multiple regions, scales and contexts 
in the whole-slide image (WSI), to support complete diagnostic work-
flows, including subtyping, differential diagnosis and pathology report 
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trained on 8,583 WSI–caption pairs, with the patch-level encoder and 
LLM frozen, updating only the slide-level encoder and connector. 
The second stage unlocks a domain-specific instruction following 
across diverse pathology tasks, such as describing the extent of tumor 
invasion or assessing the degree of cellular differentiation. This is 
achieved by further tuning the slide-level encoder, connector and LLM 
on 265,650 WSI question–answer (QA) pairs (Supplementary Tables 1 
and 2). Examples of training data are shown in Extended Data Fig. 1a,b.

We evaluate SlideChat on the proposed SlideBench benchmark 
(Supplementary Table 3) across three question formats: closed-ended 
VQA, open-ended VQA and pathology report generation. These eval-
uations assess in-domain and out-of-domain diagnostic accuracy, 
nuanced reasoning and capacity for coherent and end-to-end clinical 
reporting. Together, SlideBench shows SlideChat’s ability to deliver 
accurate, interpretable and clinically meaningful slide-level analysis, 
enabling integration of global context, which is inherently limited in 
existing patch-based MLLMs.

Evaluation on closed-ended question answering
We evaluated the foundational capability of SlideChat in pathology 
understanding using closed-ended questions via SlideBench-Closed, 
a multiple-choice VQA benchmark curated from five cohorts: TCGA20, 
Early Breast Cancer Core-Needle Biopsy WSI (BCNB)29, Clinical Prot-
eomic Tumor Analysis Consortium (CPTAC)30, HISTAI31 and an in-house 
Multi-Organ Pathology (MOP) dataset. TCGA questions assess in-domain 
performance (Supplementary Table 4), while BCNB, CPTAC, HISTAI and 
MOP evaluate out-of-domain generalization (Supplementary Tables 5 
and 6). For each cohort, we used an LLM-assisted pipeline to extract 
and revise multiple-choice QA pairs from source pathology reports 
and clinical notes, which were then reviewed and verified by three 
board-certified pathologists (Fig. 2a;Methods).

For the TCGA cohort, cases cover 13 pathology tasks across 31 cancer 
types in three functional groups: ‘microscopy’ (for example, histopatho-
logical changes, tissue architecture), ‘diagnosis’ (for example, disease 
classification, staging) and ‘clinical’ (for example, treatment guidance, 
biomarker analysis). The BCNB cohort, originally designed for WSI-based 
classification tasks, was reformulated into multiple-choice questions on 
the perception and comprehension of estrogen receptor (ER) statuses, 
progesterone receptor (PR) statuses, human epidermal growth factor 
receptor 2 (HER2) statuses and tumor subtypes. The CPTAC cohort 
included cases for tumor subtype classification: uterine corpus endo-
metrial carcinoma (UCEC), lung squamous cell carcinoma (LSCC), lung 
adenocarcinoma (LUAD) and cutaneous melanoma (CM). The HISTAI 
cohort focused on disease classification for breast, skin and colorectal 
tissues, distinguishing malignant from benign and other non-malignant 
conditions. The MOP cohort covered malignant-versus-benign disease 
classification across 11 routine diagnostic organs, representing a broad 
and diverse set of routine diagnostic cases.

Because existing MLLMs cannot directly process gigapixel slides, 
we compared SlideChat with four representative patch-level base-
line models: GPT-4o21, a strong general-purpose vision–language 
model; MedDr22 and LLaVA-Med23, two generalist medical MLLMs; and 
Quilt-LLaVA15, a pathology-focused MLLM. To adapt these MLLMs to the 
slide-level task, we applied clustering to all non-background patches in 
each WSI and selected 30 representative patches. These patches were 
individually fed into each MLLM, giving the final answer determined 
by majority voting across patch-level predictions.

Across 13 tasks in SlideBench-Closed (TCGA) (Fig. 2b), SlideChat 
significantly outperformed baseline models with an overall accuracy of 
74.12% (P < 0.0001). In terms of absolute performance gains, SlideChat 
outperformed GPT-4o by +18.44%, MedDr by +25.15%, LLaVA-Med by 
+44.35% and Quilt-LLaVA by +48.50%, with all comparisons reaching 
statistical significance (P < 0.0001). These gains were particularly nota-
ble in tasks requiring fine-grained morphological understanding, for 
example, tissue architecture (SlideChat 83.60% versus next best 61.41%, 

generation. However, models capable of holistic, WSI-based interpreta-
tion are still largely unexplored, with several unresolved challenges. 
First, despite the availability of large-scale WSI datasets with diagnos-
tic labels or raw reports, data suitable for training language-driven, 
whole-slide MLLMs are scarce. Effective training data should include 
natural language dialogues grounded in slide content and clinical 
workflow decision points. Second, the gigapixel scale and complexity of 
WSIs present computational and informational challenges17,18. Models 
must efficiently handle whole-slide inputs while selectively integrating 
features relevant to a given clinical query, which remains beyond the 
reach of existing patch-level MLLMs.

In this Article, we present SlideChat, a vision–language assis-
tant designed for end-to-end WSI analysis and interpretation at the 
slide level. To train SlideChat, we first construct SlideInstruction, the 
largest pathology WSI instruction-following dataset so far (Fig. 1a). 
Curated from WSI–report pairs19 from The Cancer Genome Atlas 
(TCGA) cohort20, SlideInstruction comprises 274,233 instruction 
samples covering 24 anatomies, 31 cancer types and diverse formats 
(Fig. 1b). We then develop an effective MLLM-based architecture for 
SlideChat (Fig. 1c), integrating fine-grained patch-level histological 
features, global slide-level context and clinical questions in natural 
language, enabling interactive, context-aware reasoning for WSI analy-
sis. SlideChat also exhibits question-guided interpretability, assigning 
high attention weights only to question-relevant regions in the input 
gigapixel-scale WSIs (Fig. 1c, right).

To evaluate an MLLM’s capability on WSI analysis, we further intro-
duce SlideBench, an expert-validated benchmark encompassing 27 
pathological tasks across 33 cancer types and five cohorts, covering 
a wide range of real-world pathological scenarios in clinical practice. 
These tasks are in multiple question formats, including closed-ended 
visual question answering (VQA), open-ended VQA and report gen-
eration, with both in-domain and out-of-domain cases. SlideChat 
outperforms state-of-the-art MLLMs such as GPT-4o21, MedDr22, 
Quilt-LLaVA15 and LLaVA-Med23, improving the overall accuracy by 
19.1% on closed-ended questions and delivering the highest proportion 
of expert-preferred responses on open-ended questions with superior 
accuracy, relevance, completeness and clinical applicability. Compared 
with models specialized in report generation such as HistoGPT24 and 
PRISM25, SlideChat produces more coherent and higher-quality pathol-
ogy reports, with a 7.7% improvement in the Metric for Evaluation of 
Translation with Explicit Ordering (METEOR) score. These results show 
SlideChat’s effectiveness in facilitating the complete diagnostic pro-
cess from initial assessment to final reporting at the whole-slide level.

Results
Overview of SlideChat
SlideChat consists of four key designs: a patch-level vision encoder, a 
slide-level vision encoder, a connector and an LLM (Fig. 1c; Methods). 
The workflow begins by tiling each WSI into non-overlapping patches, 
each encoded by the patch-level vision encoder8, distilling fine-grained 
cellular and tissue semantics into patch-level tokens. These tokens are 
then fed into a slide-level vision encoder26, a transformer model with 
an efficient attention mechanism that captures dependencies across 
tokens and models global histological context without prohibitive 
computational cost. Following slide-level encoding, the connector 
maps these visual tokens into the input space of the LLM27, ensuring 
seamless integration of visual and textual data. Concurrently, SlideChat 
processes natural language queries from the user (for example, ‘What 
is the type of tumor in the image?’), converts them into textual tokens 
and integrates them with visual tokens from WSIs, providing accurate 
and contextually relevant diagnostic responses.

Using the SlideInstruction dataset (Fig. 1a,b; Methods), SlideChat 
is trained in two stages28: cross-domain alignment and visual instruction 
learning. The first stage aligns visual features with the language space, 
enabling the LLM to interpret visual tokens. In this stage, SlideChat is 

http://www.nature.com/natcancer


Nature Cancer

Technical Report https://doi.org/10.1038/s43018-026-01220-4

+22.19) and histopathological changes (85.91% versus 53.34%, +32.57). 
SlideChat also excelled in integrative diagnostic tasks such as disease 
classification (78.12% versus 54.33%, +23.79) and staging (62.45% versus 
57.53%, +4.92). For clinical tasks, SlideChat maintained clear advantage 
in biomarker analysis (73.84% versus 59.05%, +14.79) and prognostic 
assessment (69.46% versus 61.40%, +8.06). These results highlight the 
importance of modeling whole-slide context, which patch-level MLLMs 
often fail to capture. Moreover, across the microscopy, diagnosis and 
clinical groups, SlideChat achieved the highest accuracy in the majority 
of cancer types. Per-cancer performance comparisons are provided in 
Supplementary Tables 7–9.

These advantages also extend to out-of-domain cohorts (Fig. 2c). 
On BCNB, SlideChat achieved an average accuracy of 75.41% in molecu-
lar status prediction tasks (that is, ER, PR and HER2), outperforming the 
best baseline by +7.46. For tumor type classification, SlideChat achieved 
89.42% (versus next best 56.04%, +33.38). On CPTAC, SlideChat led all 
four subtyping tasks: CM (48.67% versus 41.81%, +6.86), LSCC (68.05% 
versus 49.99%, +18.07), UCEC (48.20% versus 36.37%, +11.82) and LUAD 
(41.78% versus 37.00%, +4.775). On HISTAI, SlideChat achieved 79.53%, 
73.58% and 69.53% for breast, skin and colorectal tissue disease clas-
sification, respectively, surpassing all baseline models. On the more 
challenging MOP cohort, SlideChat delivered consistent gains across 
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Fig. 1 | Overview of the SlideInstruction dataset and SlideChat architecture. 
a, Bar chart of 8,583 WSIs paired with pathology reports used to curate the 
SlideInstruction dataset, grouped by 24 anatomical sites to illustrate dataset 
composition. b, Representative question formats drawn from the 274,233 
samples in the SlideInstruction dataset, including pathological report 
generation, binary judgment, multiple-choice questions, short-form VQA, 
long-form VQA and multiturn conversation. c, SlideChat architecture with 
question-guided interpretability. A WSI is tiled and encoded at both patch and 

slide levels, projected into the input space of the language model and integrated 
with a clinical query for multimodal slide-level understanding, responding to a 
broad range of queries in clinical workflows. Heat maps are computed based on 
question-to-image attention in SlideChat, revealing that clinical queries guide 
the model to attend to relevant image regions. This indicates that SlideChat 
acquires an implicit spatial understanding of WSI content, which supports 
transparency and interpretability in clinical applications.
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Fig. 2 | Evaluation of SlideChat on closed-ended questions. a, Pipeline for 
benchmark curation. Across multiple cohorts, candidate multiple-choice 
questions (MCQs) and answers were generated by LLMs using WSIs and 
associated annotations. These were then verified by board-certified pathologists 
to create the final SlideBench-Closed benchmark. Performance was compared 
across SlideChat and four MLLMs. b, In-domain evaluation on the TCGA cohort 
(n = 3,176 samples). SlideChat consistently outperformed the baselines on 13 
different pathological tasks. Data are presented as mean values ± s.d. across 
1,000 bootstrap replicates. For the overall comparison, statistical significance 
between SlideChat and the best-performing baseline was assessed using two-
sided Wilcoxon signed-rank tests with Benjamini–Hochberg FDR correction; 

P = 2.28 × 10−60. c, Out-of-domain generalization evaluation on closed-ended 
questions. SlideChat achieved significantly higher overall accuracies on external 
cohorts, including BCNB (n = 4,232 samples, P = 1.26 × 10−70), CPTAC (n = 240 
samples, P = 2.02 × 10−5), HISTAI (n = 769 samples, P = 6.8 × 10−60) and MOP (n = 419 
samples, P = 1.24 × 10−54) cohorts. Data are presented as mean values ± s.d. 
across 1,000 bootstrap replicates. d, Question-guided interpretability analysis. 
Two case studies showed that SlideChat attended to diagnostically salient 
regions when inferring the correct answer, highlighting invasive glands in lung 
adenocarcinoma and nuclear atypia in breast ductal carcinoma. These maps 
represent the spatial weighting of features during inference. ROI, region of 
interest.
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categories and reached an overall accuracy of 76.63% (versus 60.23% 
for GPT-4o and 50.71% for MedDr). Despite the heterogeneity of tissue 
types and staining protocols, SlideChat maintained robustness and 
generalization when applied to these unselected, real-world WSIs 
(Supplementary Table 10). Our analysis also reveals that adapting exist-
ing patch-level models to WSI input via downsampling or multipatch 
aggregation compromises either cellular detail or global context and 
that a native slide-level model like SlideChat addresses this key trade-off 
in WSI analysis by better preserving both (Extended Data Fig. 2).

To further assess model interpretability, we visualized SlideChat’s 
attention heat maps over WSIs when addressing specific queries 
(Fig. 2d; Methods). We showed two cases illustrating complementary 
reasoning pathways: one requiring diagnosis from observed features 
and the other requiring feature identification given a known diagnosis. 
In the first case, SlideChat correctly inferred ‘moderately differenti-
ated adenocarcinoma’, focusing on the irregular glandular structures 
and cytologic atypia. In the second case, SlideChat attended to tumor 
nests and identified ‘hyperchromatic nuclei with prominent nucle-
oli’ as the defining feature for moderately differentiated infiltrating 
ductal carcinoma. In these examples, SlideChat not only arrived at 
the correct answers but also did so by attending to diagnostically 
meaningful regions of interest, underscoring the value of transparent, 
pathology-aligned whole-slide modeling.

Although attention heat maps reflect token weighting rather 
than strict causality, our further qualitative analysis shows that Slide-
Chat’s attention is not a static map, showing context-aware reasoning. 
For the same WSI, SlideChat adaptively shifts its focus with queries 
(Extended Data Fig. 3a–f). For example, in the breast carcinoma case, 
when asked about the ‘architectural pattern’ (Extended Data Fig. 3d), 
SlideChat focuses broadly on the irregular glandular formations. How-
ever, when the question shifts to ‘changes in the surrounding stroma’ 
(Extended Data Fig. 3e), the heat map re-centers on the dense fibrous 
regions separating the tumor glands.

Evaluation on open-ended question answering
Building on the closed-ended evaluation, we next examined 
SlideChat’s capacity to handle more nuanced, complex diagnos-
tic scenarios through open-ended questions. To support this, 
we developed SlideBench-Open, a benchmark comprising 129 
pathologist-curated questions requiring detailed free-text inter-
pretations that reflect real-world decision-making and require deep 
pathological understanding.

For each question, SlideChat and baseline models generated 
free-form textual responses, independently scored by a panel of three 
experienced pathologists (Fig. 3a). To adapt baseline MLLMs to the 
whole-slide level, we extracted 30 representative patches per WSI, 
fed them individually into each patch-level MLLM and synthesized the 
outputs into a single textual answer using GPT-4 (ref. 32). Evaluation 
was performed across five criteria (Supplementary Table 11): accuracy 
(factual correctness), relevance (alignment with the question), com-
pleteness (coverage of key diagnostic information), output clarity 
(readability and structured presentation) and applicability (potential 
to support clinical decision-making), scored on a five-point scale from 
‘insufficient’ (1) to ‘excellent’ (5). Model identities were blinded to the 
pathologists to reduce bias.

SlideChat showed consistent advantages across all criteria (Fig. 3b 
and Supplementary Table 12), with the highest proportion of top scores 
(‘excellent’, rated 5). As a positive control in the blinded evaluation, refer-
ence answers scored 4.68, assessed by the same panel of pathologists 
under identical criteria. SlideChat achieved an average score of 4.26, 
approaching the reference (4.68) closely and outperforming GPT-4o 
(3.75), Quilt-LLaVA (3.55), LLaVA-Med (3.44) and MedDr (3.19). Spe-
cifically, SlideChat excelled in accuracy, relevance, output clarity and 
applicability, surpassing the strongest baseline, GPT-4o. In terms of com-
pleteness, SlideChat achieved notably greater number of ‘strong’ and 

‘excellent’ ratings (300) than the GPT-4o (268). These results are further 
supported by average expert scores (Extended Data Fig. 4a), where Slide-
Chat exceeded 4.0 on most criteria, while other models remained below 
this threshold. Interexpert analysis (Fig. 3c) showed moderate-to-good 
consistency (intraclass correlation coefficient) among the pathologists, 
with a quadratic-weighted Fleiss’ kappa of 0.747. Furthermore, the pair-
wise quadratic-weighted Cohen’s kappa values (expert 1 versus expert 
2, 0.638; expert 1 versus expert 3, 0.604; expert 2 versus expert 3, 0.623) 
fell predominantly in the range of ‘substantial agreement’33, validating 
the consistency and robustness of the scoring protocol.

Two representative cases illustrate SlideChat’s performance 
(Fig. 3d). In the first case of structural analysis in tumor-infiltrated 
tissues, SlideChat accurately described disrupted adipose and fibrous 
tissues, desmoplastic stroma, focal necrosis and relevant cellular fea-
tures. Baseline models, however, offered less precise or incomplete 
responses. For instance, GPT-4o provided a broader description men-
tioning infiltration into fibroadipose tissue without noting the specific 
stromal or cellular details; MedDr described general disorganization 
without mentioning stromal or necrotic components; Quilt-LLaVA also 
missed cellular details; and LLaVA-Med inaccurately described minimal 
alteration. In the second case of cancer detection, SlideChat correctly 
identified clear cell renal cell carcinoma (CCRCC) with cellular features, 
while baseline models like MedDr denied any evidence of malignancy. 
These results highlighted SlideChat’s ability to deliver accurate, com-
prehensive, clear and clinically relevant responses to open-ended 
pathology questions, underlining its potential for effective integration 
into diagnostic and clinical decision-making workflows. These obser-
vations are further supported by representative case comparison and 
question-guided attention visualizations (Extended Data Fig. 4b,c).

Evaluation on report generation
Extending beyond question answering, we further evaluated Slide-
Chat’s ability to generate comprehensive pathology reports from 
WSIs, directly assisting in routine diagnostic documentation. To this 
end, we prepared 3,149 high-quality reference reports from the TCGA, 
CPTAC, HISTAI and MOP cohorts (Supplementary Tables 6 and 13). 
Reference reports from the TCGA and HISTAI cohorts were constructed 
by extracting and standardizing diagnostically relevant content from 
their public annotations. CPTAC reports were authored in collabora-
tion with experienced pathologists, ensuring detailed microscopic 
observations and diagnostic clarity. MOP reports were derived from 
routine clinical documentation.

We compared SlideChat against two open-source pathology 
report-generation models, HistoGPT24 and PRISM25, using the following 
metrics: METEOR34, Recall-Oriented Understudy for Gisting Evaluation 
(ROUGE)35, Bilingual Evaluation Understudy (BLEU)36 and GPT score. 
GPT score assesses semantic similarity between generated and refer-
ence reports on a scale from 0 to 1 using GPT-4, with higher scores indi-
cating greater similarity and clinical relevance. As each metric captures 
a different aspect of report quality, all four should be jointly considered 
when evaluating these generative models, especially GPT score, which 
more directly reflects factual diagnosis accuracy in pathology narra-
tives. Across the in-domain TCGA and out-of-domain CPTAC, HISTAI 
and MOP cohorts, SlideChat consistently outperformed baselines in 
METEOR, ROUGE and GPT score (Fig. 4a and Supplementary Table 14). 
SlideChat achieved superior METEOR scores across diverse cancer 
types (Fig. 4b and Supplementary Table 15), especially for cancers 
requiring intricate morphological descriptions. Consistent improve-
ments in ROUGE, BLEU and GPT score (Supplementary Tables 16–18) 
further indicated SlideChat’s improved phrasing, content coverage and 
accuracy. We further report the results on two skin-specific datasets 
(TCGA-SKCM and HISTAI-Skin), enabling a direct comparison with the 
dermatology-specialized model HistoGPT (Fig. 4c).

To assess clinical utility, we conducted a prospective reader study 
involving two junior and two senior pathologists, with less than and 
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more than 5 years of experience, respectively. The study used a paired 
design across 36 WSIs from five representative cancer types (breast, 
colorectal, lung, prostate and esophageal), comparing diagnostic 

workflows with and without SlideChat assistance. First, SlideChat 
consistently improved the overall quality of diagnostic summaries 
(Fig. 4d). GPT scores of pathologist-written summaries increased for 
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Fig. 3 | Evaluation of SlideChat on open-ended questions. a, Overview of 
SlideBench-Open evaluation protocol (n = 129 samples). Responses from the 
MLLMs were anonymized, shuffled and independently rated by three expert 
pathologists on a five-point scale across five criteria: accuracy, relevance, 
completeness, output clarity and clinical applicability. b, Distribution of scores 
for each model across five criteria. SlideChat delivered the most ‘excellent’ 
(score 5) responses and the fewest ‘insufficient’ (score 1) responses. c, ICC(2,1) 
(intraclass correlation coefficient, two-way random effects, single rater) 

confirms the interpathologist agreement on the scoring. d, Representative 
case examples for qualitative performance comparison. Clinically correct 
details are highlighted in cyan, inaccurate findings are marked in magenta, and 
reference answers are highlighted in gray. SlideChat provided detailed and 
clinically grounded answers closely matching expert references, while other 
models frequently produced incomplete, ambiguous or less accurate responses. 
Illustration of pathologists in panel a created in BioRender; Chen, Y. https://
biorender.com/fhfegvb (2026).
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both junior (from 5.94–6.33 to 6.33–7.06) and senior pathologists (from 
5.67–6.67 to 6.39–7.56). Second, we performed structured evaluation 
by extracting key diagnostic entities from written summaries and 
comparing them with reference annotations. This revealed increased 
entity-level correctness under model guidance (Fig. 4e), confirming 
that SlideChat aids in identifying clinically meaningful morphological 
features. Third, SlideChat improved workflow efficiency, in particular 
among less experienced readers. Junior pathologists reduced aver-
age review time by approximately 18% (from 307.28 to 248.83 s per 
slide) without compromising rigor (Fig. 4f). Finally, SlideChat acted 
as a standardizing force and enhanced interreader consistency. Model 
guidance raised the median interreader agreement from 0.72 to 0.82 
(Fig. 4g). These results show SlideChat’s potential to enhance diagnos-
tic fidelity, efficiency and consensus in routine practice.

In a representative case (Fig. 4h), SlideChat accurately captured 
key pathological features, including tumor classification, margin sta-
tus, invasion patterns and contextual changes. By contrast, HistoGPT, 
which was developed for dermatopathology, exhibited limited gener-
alizability and frequently generated inaccurate responses for non-skin 
cancers, despite plausibly high BLEU scores on CPTAC. PRISM produced 
overly brief and underinformative reports, omitting critical diagnos-
tic details. These comparisons underscored SlideChat’s strength in 
synthesizing visual information into coherent and detailed reports, 
showing its potential for general-purpose pathology report generation.

Demonstration on diverse use cases
To illustrate SlideChat’s potential in real-world practice, we con-
structed multiturn dialogues that emulate the sequential steps of 
clinical slide interpretation, including visual assessment, diagnostic 
classification, prognostic evaluation and therapeutic planning. These 
cases (Fig. 5) showcased how SlideChat generates coherent, clinically 
grounded responses at each step. In a cervical biopsy (Fig. 5a), Slide-
Chat began by summarizing the overall tissue architecture, identify-
ing irregular epithelial nests with desmoplastic stroma, along with 
atypical mitoses and keratinization, capturing key morphological 
features required for initiating diagnostic consideration. Next, in a 
liver resection case (Fig. 5b), SlideChat correctly diagnosed hepatocel-
lular carcinoma and supported its conclusion by describing classical 
histological patterns such as thickened trabeculae, pseudo-acinar 
formations and centrally located nuclei with prominent nucleoli. 
In a lung cancer case (Fig. 5c), SlideChat translated morphological 
findings into prognostic assessment, noting the absence of vascular 

invasion and inferring a less aggressive phenotype. In an adrenal tumor 
case (Fig. 5d), SlideChat integrated morphologic and clinical context, 
recognized the localized pheochromocytoma and recommended 
complete laparoscopic adrenalectomy for treatment. Additionally, 
SlideChat outlined key perioperative strategies to mitigate cardiovas-
cular risks. Together, these cases highlighted SlideChat’s end-to-end 
interpretative workflow, underscoring its promise as an assistant in 
routine pathology practice.

Beyond qualitative cases, we evaluated SlideChat in multiturn 
conversations along three key dimensions: contextual accuracy gain, 
cross-turn inconsistency and self-contradictory hallucinations. We 
constructed a ‘microscopic–diagnosis–clinical’ multiturn test set 
with 66 conversations and 346 questions from SlideBench-Closed 
(TCGA), using a hybrid query format: 173 questions were main-
tained as closed-ended questions for accuracy benchmarking, 
while the rest were converted into open-ended queries to evaluate 
generation quality. SlideChat leveraged conversational context to 
improve accuracy from 72.83% (single-turn) to 74.57% (multiturn) 
(Extended Data Fig. 5a). It maintained logical consistency across turns 
in 83.27% of cases (Extended Data Fig. 5b), and 87.87% of responses were 
free from self-contradictory hallucinations (Extended Data Fig. 5c). The 
remaining errors mainly reflected difficulties in tracking fine-grained 
attributes, such as tumor–node–metastasis staging, over extended 
conversational contexts (Extended Data Fig. 5d), as well as in han-
dling complex descriptive tasks involving mutually exclusive patho-
logical features (Extended Data Fig. 5e). These findings show effective 
context-aware reasoning while indicating areas for future improvement 
in long-context consistency.

Discussion
The emergence of MLLMs, exemplified by generalist AI models like 
ChatGPT21 and its successors, has fundamentally transformed how 
humans interact with AI across scientific domains. These models use 
natural language as a unified interface for both receiving flexible user 
instructions and generating outputs of varying complexity across 
diverse analytical tasks. In the pathology domain, this technological 
advance unlocks transformative potential from medical education and 
scientific discovery to clinical decision support. While recent pathology 
foundation models (for example, CONCH8, PathAlign4, TITAN37 and 
CHIEF10) have advanced visual representation learning for downstream 
tasks, they lack the capability for direct natural language interaction. 
Emerging MLLMs (for example, PathChat14 and Quilt-LLaVA15) enable 

Fig. 4 | Evaluation of SlideChat on report generation. a, Quantitative 
comparison of SlideChat against pathology report-generation models (HistoGPT 
and PRISM) using METEOR, ROUGE, BLEU and GPT score. SlideChat consistently 
achieved higher scores across the TCGA (n = 1,547 samples), CPTAC (n = 38 
samples), HISTAI (n = 1,145 samples) and MOP (n = 419 samples) cohorts. For 
GPT score, P values from two-sided Wilcoxon signed-rank tests with Benjamini–
Hochberg FDR correction were TCGA, P = 3.86 × 10−198; CPTAC, P = 0.0118; HISTAI, 
P = 1.36 × 10−56; and MOP, P = 4.14 × 10−54. b, Report-generation comparison of 
different models using METEOR scores across diverse cancer types. Each axis 
represents a cancer type and is independently normalized to the performance 
range for visualization. SKCM, skin cutaneous melanoma; GBM, glioblastoma 
multiforme; HNSC, head and neck squamous cell carcinoma; KICH, kidney 
chromophobe; KIRC, kidney renal clear cell carcinoma; KIRP, kidney renal 
papillary cell carcinoma; LGG, brain lower grade glioma; LIHC, liver hepatocellular 
carcinoma; LUSC, lung squamous cell carcinoma; MESO, mesothelioma; OV, 
ovarian serous cystadenocarcinoma; PAAD, pancreatic adenocarcinoma; PCPG, 
pheochromocytoma and paraganglioma; PRAD, prostate adenocarcinoma; READ, 
rectum adenocarcinoma; SARC, sarcoma; STAD, stomach adenocarcinoma; 
TGCT, testicular germ cell tumors; THCA, thyroid carcinoma; THYM, thymoma; 
UCS, uterine carcinosarcoma; ACC, adrenocortical carcinoma; BLCA, bladder 
urothelial carcinoma; CESC, cervical squamous cell carcinoma and endocervical 
adenocarcinoma; CHOL, cholangiocarcinoma; COAD, colon adenocarcinoma; 
DLBC, lymphoid neoplasm diffuse large B-cell lymphoma; ESCA, esophageal 

carcinoma. c, Report-generation comparison between SlideChat and HistoGPT 
on skin-related datasets. Evaluation was performed on the TCGA-SKCM (n = 88 
samples) and HISTAI-Skin (n = 300 samples) datasets. For GPT score, P values 
from two-sided Wilcoxon signed-rank tests were TCGA, P = 5.23 × 10−4, and HISTAI, 
P = 0.0039. Data in a and c are presented as mean values ± s.d. across 1,000 
bootstrap replicates. d–g, Four pathologists reviewed 18 cases with and without 
SlideChat-generated diagnostic reports in a prospective reader study. Each color 
in d–f represents a different individual. d, Diagnostic summaries written with 
SlideChat guidance achieved higher GPT scores across both junior and senior 
pathologists compared to unguided review. Statistical significance was assessed 
using two-sided Mann–Whitney U test; P = 0.0002. The same test applies to e–g. e, 
The match accuracy of diagnostic entities extracted from clinician-written reports 
also improved significantly when clinicians had access to SlideChat-generated 
drafts (P = 0.006). f, Junior pathologists demonstrated increased efficiency 
under SlideChat guidance (P = 0.005). g, Interreader agreement improved from 
a median of 0.72 to 0.82 with SlideChat assistance, indicating more consistent 
diagnostic interpretation among pathologists. Box plots show the median center 
line, first and third quartile box limits and minimum-to-maximum whiskers, with 
18 independent measurements per group (P = 0.045). h, Representative examples 
comparing reports generated by SlideChat, HistoGPT and PRISM. Correct details 
are highlighted in cyan, inaccurate findings are marked in magenta, and reference 
answers are highlighted in gray. SlideChat better captured key morphological and 
diagnostic features.
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multimodal dialogue but remain restricted to patch-level inputs, requir-
ing manual selection of regions of interest.

In this work, we provide a preliminary demonstration of the AI 
assistant for whole-slide pathology analysis, showing that MLLM can 
now adapt at the gigapixel scale and complexity required for clinical 
practice. We present what is, to our knowledge, the most compre-
hensive evaluation of multimodal AI capabilities for computational 
pathology, comparing SlideChat against both leading general-purpose 
and specialized biomedical models across an unprecedented range 
of pathological tasks. Our evaluation encompasses diverse clinical 
scenarios, from diagnostic classification to comprehensive pathol-
ogy report generation, validated through expert pathologist review 

and assessed using multiple question formats to ensure broad clini-
cal relevance and robustness. Across these evaluations, SlideChat 
showed superior performance over existing state-of-the-art solutions, 
achieving improvements in diagnostic accuracy and providing more 
clinically pertinent and comprehensive responses. Furthermore, its 
ability to engage in multiturn diagnostic dialogues with traceable deci-
sion process shown by question-guided attention heat maps further 
underscores its potential to reliably support complex workflows in 
clinical pathology with transparent AI assistance.

As MLLMs become increasingly integrated into digital pathol-
ogy workflows, the broader impacts of a whole-slide conversational 
assistant like SlideChat may be substantial. For clinical practice, it 
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represents a step toward an interactive ‘co-pilot’14 for pathologists, 
accelerating diagnostic workflows, reducing interobserver variabil-
ity, aiding in the formulation of second opinions and standardizing 
the quality of pathology reports. Its question-answering capabili-
ties could provide rapid verification for WSI features or classifica-
tions. For education, SlideChat offers a dynamic learning tool where 
trainees can explore slides interactively, ask specific questions and 
receive instant, context-rich feedback that adapts to their learning 
needs. For research, it opens new possibilities for large-scale auto-
mated annotation of histopathology archives, hypothesis generation 

from morphological patterns and the accelerated discovery of new 
pathological markers.

Despite these advances, several limitations remain. SlideChat’s 
performance is inherently influenced by the diversity and representa-
tiveness of its training data. Potential biases in SlideInstruction, such as 
institution-specific diagnostic practices or population demographics, 
may limit universal generalizability across different clinical settings 
and patient populations. While current results are promising, further 
prospective validation in clinical settings is needed to fully establish 
trust and safety for patient care. Moreover, mitigating hallucinations 
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Tumor cells form thick, several-cell-wide 
trabeculae and occasional pseudo-acinar 
structures; they show abundant eosinophilic 
cytoplasm and centrally placed nuclei with 
conspicuous nucleoli—classic features 
supporting HCC.

How would you classify the 
tumor in this liver resection 
specimen?

Human

The tumor in this liver resection specimen would 
be classified as HCC, the most common primary
malignant neoplasm arising from hepatocytes.

SlideChat

Which histological features 
support HCC?

Human

SlideChat

Adequate α-adrenergic blockade (for example, phenoxybenzamine 
or doxazosin) for 7–14 days before surgery is essential to 
control hypertension. After α-blockade, cautious β-blockade 
may be added to manage tachycardia. Intraoperative
blood-pressure monitoring and liberal intravenous hydration 
are also recommended.

What treatment is recommended for an
adrenal-confined pheochromocytoma
with negative margins in this case?

Human

Complete surgical removal via adrenalectomy is the 
standard of care. Because the tumor is limited to the 
adrenal gland and margins are free of disease, 
laparoscopic adrenalectomy is usually preferred.
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Fig. 5 | Exploring use cases of SlideChat. a–d, These cases showcase SlideChat’s 
ability to follow core pathology workflows, progressing from morphological 
assessment and diagnostic classification to prognostic evaluation and clinical 
recommendation. a, SlideChat analyzes a cervical biopsy and accurately identifies 
invasive squamous carcinoma with ulceration, describing both architectural and 
cytologic features such as atypical mitoses and keratinization. b, When presented 
with a liver resection specimen, SlideChat correctly classifies the tumor as 

hepatocellular carcinoma (HCC) and highlights histological hallmarks including 
trabecular architecture, eosinophilic cytoplasm and prominent nucleoli. c, 
SlideChat recognizes the absence of vascular invasion in a lung cancer case and 
appropriately links these features to a less aggressive tumor phenotype and 
better prognosis. d, For an adrenal-confined pheochromocytoma, SlideChat 
recommends standard laparoscopic adrenalectomy and details perioperative 
management strategies to reduce cardiovascular risk.
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in generative AI systems, where model outputs may appear plausible 
but are factually incorrect, remains a priority for future refinement.

Looking forward, several directions can further enhance the util-
ity of SlideChat. A primary direction is enabling multislide reasoning, 
which would allow comprehensive analysis of multiple WSIs from a 
single case, facilitating crucial applications such as differentiating 
between primary tumor and metastatic lesions and tracking treatment 
responses over time by comparing pre- and posttreatment specimens. 
Furthermore, incorporating reinforcement learning from pathologist 
feedback38 will align model outputs more closely with clinical expertise, 
bolstering clinical trust and accuracy. This can be complemented by 
integrating up-to-date knowledge from clinical guidelines and insti-
tutional protocols via retrieval-augmented generation39, ensuring 
its outputs remain current and aligned with best practices. Finally, 
enhancing SlideChat with tool-using capabilities to invoke specialized 
AI models will broaden its application, such as enabling precise cell 
counting, segmentation or object localization in quantitative pathol-
ogy. These advancements will steer the evolution of SlideChat from 
a slide-level assistant toward a comprehensive, case-level partner in 
pathology diagnostics and patient care.

Methods
Ethics statement
All research complied with relevant ethical regulations. The use of the 
retrospective MOP cohort data was approved by the Medical Ethics 
Committee of Eastern Hepatobiliary Surgery Hospital, Naval Medical 
University (approval number EHBHKY2025-K042-P001). The require-
ment for informed consent for the MOP cohort was waived by the 
Medical Ethics Committee of Eastern Hepatobiliary Surgery Hospital 
because the cohort comprised retrospectively collected de-identified 
data. The remaining datasets (TCGA, CPTAC, BCNB and HISTAI) are 
publicly available and were used in accordance with their access and 
usage policies. Sex and gender information were not collected or used 
in model training or evaluation; therefore, no sex- or gender-based 
analyses were performed.

Curation of SlideInstruction
To develop SlideChat, we curated SlideInstruction, a large-scale 
instruction-following dataset derived from WSI–report associations in 
the TCGA20 cohort. These include (1) one report linked to multiple WSIs 
and (2) one-to-one WSI–report pairs. For the former, we retained all 
WSIs to introduce controlled label noise, improving robustness under 
real-world variability. For the latter, 80% were randomly selected for 
SlideInstruction and 20% reserved for benchmarking in SlideBench. In 
total, 8,583 WSIs with reports were included. Raw reports were cleaned 
using GPT-4 to remove noise, administrative metadata and redundancy, 
producing concise, diagnostically focused text to construct WSI–cap-
tion and instruction data in SlideInstruction.

For WSI–caption data, we leveraged GPT-4 to distill each cleaned 
report into a concise, clear and clinically informative paragraph captur-
ing key findings. These summaries provide high-quality slide-level tex-
tual representations for training SlideChat (Extended Data Fig. 1a). For 
instruction data, GPT-4 generated diverse QA pairs per WSI to emulate 
clinical workflows, grouped into ‘microscopy’, ‘diagnosis’ and ‘clinical’ 
(Extended Data Fig. 1b). The microscopy group covers histopathological 
changes, cytomorphology, tissue architecture and tumor character-
istics, emphasizing morphological recognition. The diagnosis group 
includes disease detection, classification, grading, differential diagnosis 
and staging, requiring integrative reasoning. The clinical group com-
prises biomarker analysis, prognostic assessment, treatment guidance 
and risk factors, linking image features to clinical decisions.

Before full-scale curation, we conducted a human-in-the-loop 
validation. First, we prompted GPT-4 to generate an initial batch of 
approximately 5,000 instruction pairs, which were then audited by 
board-certified pathologists, revealing a 36% rejection rate owing to 

insufficient visual dependency or incorrect task categorization. We then 
iteratively refined prompts by incorporating subcategory definitions 
(Supplementary Table 1) and enforcing visual understanding, reducing 
the rejection rate to less than 5% and ensuring that the final prompts 
(Extended Data Fig. 6) yielded clinically relevant instructions for full-scale 
data curation. To enhance topical diversity and reduce redundancy, multi-
ple QA pairs were generated per WSI, followed by semantic deduplication 
using Sentence-BERT40 embeddings with a cosine similarity threshold of 
0.7. Consequently, SlideInstruction contains 8,583 WSI–caption pairs 
and 265,650 instruction-following samples, totaling 274,233 training 
instances and providing rich supervision for SlideChat training.

Curation of SlideBench
To evaluate SlideChat, we curated SlideBench, an expert-reviewed 
benchmark involving five cohorts, comprising SlideBench-Closed, 
SlideBench-Open and SlideBench-Report. Data from the TCGA cohort 
were drawn from the held-out 20% split, ensuring no overlap with 
SlideInstruction. Annotation and validation were performed by three 
board-certified pathologists (with 3, 6 and 8 years of experience). We 
provide the prompts for curating SlideInstruction and SlideBench via 
LLM in Extended Data Fig. 6.

SlideBench-Closed comprises 8,836 expert-reviewed 
multiple-choice questions from five cohorts to assess the closed-ended 
VQA. For TCGA, GPT-4 generated candidate questions, options and 
answers across 13 task categories. To ensure visual dependency, we 
applied LLM-based filtering41, excluding questions answerable by at 
least three of four text-only LLMs (that is, GPT-4, InternLM2-Chat-7B42, 
Qwen-7B-Chat43 and DeepSeek-7B-Chat44) without images. The remain-
ing pairs were independently reviewed by pathologists. Examples of 
accepted and rejected items are shown in Extended Data Fig. 7. Each 
QA pair was verified to require visual inspection, ensure clinical clarity 
and correct task categorization; invalid items were revised or removed. 
This yielded 3,176 TCGA QA pairs.

The remaining cohorts were incorporated to test out-of-domain 
generalization. For BCNB, 4,232 QA pairs were derived from four estab-
lished classification tasks: ER status, PR status, HER2 status and tumor 
subtype classification. CPTAC included 240 QA pairs on subtype iden-
tification across four cancer types: UCEC, LSCC, LUAD and CM. HISTAI 
contributed 769 QA pairs across breast, skin and colorectum, tasked 
with diagnosing distinct diseases. MOP provided 419 QA pairs derived 
from routine diagnostic cases in 11 organ systems, testing the ability to 
differentiate between malignant and benign organ-specific conditions.

SlideBench-Open was built from the TCGA cohort for open-ended 
VQA evaluation. Specifically, we first generated candidate questions 
from reports using GPT-4. Each candidate was reviewed by the patholo-
gist panel to ensure that the question was clinically relevant, clearly 
worded and grounded in the slide. Irrelevant or ambiguous questions 
were discarded or revised for clarity. The final set contains 129 ques-
tions spanning the same 13 task categories, grouped into broader 
domains of microscopy, diagnosis and clinical decision-making.

SlideBench-Report evaluates free-text report generation. It 
includes 3,149 reports from TCGA (n = 1,547), CPTAC (n = 38), HISTAI 
(n = 1,145) and MOP (n = 419). TCGA reports were cleaned to retain diag-
nostic content. CPTAC reports were newly authored by pathologists 
based on WSI review. HISTAI reports were constructed from structured 
metadata, while MOP reports were derived from de-identified clinical 
records. These reports reflect expert-level diagnostic language, with 
emphasis on morphological specificity, terminological accuracy and 
clinical coherence, thus providing high-quality targets for evaluation 
in real-world settings.

SlideChat model architecture
SlideChat adopts a hierarchical vision–language architecture with 
four modules: (1) a patch-level vision encoder, (2) a slide-level vision 
encoder, (3) a connector and (4) an LLM.
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The patch-level vision encoder is initialized from CONCH8, 
a ViT-B/16 (ref. 45) model pretrained on large-scale pathology 
image–text pairs using a CoCa-style loss46. Given a WSI, we tile it into 
non-overlapping 224 × 224 patches, X = [x1,…,xM], where M is the total 
number of patches, typically ranging within [104, 105]. Each patch is 
mapped by the patch-level encoder Epatch to an embedding with dimen-
sion dvis = 768

pi = Epatch (xi) ∈ ℝdvis , (1)

yielding a long sequence of patch-level tokens P = [p1,… ,pN] ∈ ℝM×dvis. 
Epatch is frozen throughout the training. To capture global context with-
out prohibitive computational cost, we follow LongNet26 to implement 
our slide-level vision encoder Eslide, which consists of two transformer 
layers with dilated global attention. Token sequence P is projected to 
form the queries, keys and values; partitioned into segments; and 
processed in parallel via dilated attention. Outputs are concatenated 
to produce slide-level tokens with near-linear complexity:

S = Eslide(P) ∈ ℝM×dvis , (2)

with S = [s1,…,sM]. Please refer to LongNet26 for details. After the 
slide-level processing, we use a lightweight connector Econn (that is, two 
multilayer perceptrons with Gaussian Error Linear Unit activation47) 
to map each slide-level visual token si to language space, producing a 
language-aligned visual token:

vi = Econn(si) ∈ ℝdlang , (3)

forming a visual token sequence V = [v1,… ,vM] ∈ ℝM×dlang . The LLM is 
Qwen2.5-7B-Instruct48 with hidden dimension dlang = 4,096.

During inference, visual tokens V are concatenated with textual 
tokens T to form the input multimodal token sequence for LLM, where 
T = [t1,… , tL] ∈ ℝL×dlang  contains L tokens embedded from the user 
instruction via byte-pair encoding tokenization49. The decoder-only 
LLM autoregressively generates response tokens, with cross-modal 
fusion handled natively in its transformer layers.

SlideChat model training
SlideChat is trained in two stages: cross-domain alignment and 
visual instruction learning. The first stage aligns WSI-derived visual 
tokens with the LLM input space via a WSI-captioning task, enabling 
interpretation of slide-level representations, while the second stage 
focuses on visual question-answering task and enables accurate 
responses to domain-specific WSI queries. Both stages share a uni-
fied maximum-likelihood objective. Let fbackbone and fhead denote the LLM 
backbone and head, θ the trainable parameters in a specific stage and 
Y the full token sequence:

Y = [ t1,… , tL⏟⎵⏟⎵⏟
instruction tokens

, v1,… , vM⏟⎵⎵⏟⎵⎵⏟
visual tokens

, a1,… , aK⏟⎵⏟⎵⏟
response tokens

] . (4)

Then, the training objective is given by:

ℒ (θ) = − ∑
k∈𝒦𝒦

logpθ (yk, |,Y1∶k−1) , (5)

pθ (yk, |,Y1∶k−1) = softmax(fhead(hk)), (6)

hk = fbackbone(Y1∶k−1), (7)

where 𝒦𝒦 is a set of textual token indices, and hk denotes the LLM hidden 
states at the kth step. The full response token sequence, after byte-pair 
encoding de-tokenization, reconstructs the final human-readable  
response.

In the first stage, we use 8,583 WSI–caption pairs in SlideInstruc-
tion, where the user queries a summary of the WSI. Only the slide-level 
encoder and connector are updated. This stage runs for 3 epochs on 
eight A100 GPUs (80 GB) with a batch size of 1 per GPU, taking approxi-
mately 3 h, using AdamW50 optimizer with a learning rate of 1 × 10−3 
and no weight decay. In the second stage, the slide-level encoder, the 
connector and the LLM are jointly optimized using 265,650 QA pairs in 
SlideInstruction. This stage runs for 1 epoch with the same batch size 
and optimizer, using a learning rate of 2 × 10−5 and no weight decay. 
Total training time is approximately 24 h on the same hardware setup 
(Supplementary Table 19).

Evaluation of closed-ended VQA
We evaluated closed-ended VQA on SlideBench-Closed. Four strong 
MLLM baselines were included for comparison: GPT-4o21, MedDr22, 
Quilt-LLaVA15 and LLaVA-Med23. As these models cannot directly pro-
cess gigapixel WSIs, we adapted them using an independent patch vot-
ing strategy. Specifically, for each WSI, we applied K-means clustering 
to tissue patches and selected 30 representatives. Each patch–question 
pair was processed independently, producing 30 predictions, which 
were aggregated via majority voting into a slide-level answer. SlideChat 
outperformed these patch-level models (Extended Data Fig. 8a). We 
also evaluated two alternative adaptation strategies for patch-level 
baseline models: slide thumbnail input (resizing a WSI to a 512 × 512 
thumbnail; Extended Data Fig. 8b) and joint multipatch input (feeding 
multiple patches jointly into the model; Extended Data Fig. 8c). Across 
all settings, patch-level models underperformed compared with Slide-
Chat, which directly processes full WSIs and achieves higher accuracy. 
We further assessed the robustness of the patch voting strategy via 
sensitivity analysis over different patch numbers (10, 20, 30, 40) and 
selection methods (Extended Data Fig. 8d). Performance remained 
stable across patch counts, and K-means clustering-based selection 
consistently outperformed random sampling.

During evaluation, model outputs were matched to reference 
answers. For free-text responses, GPT-4 was used as an adjudicator to 
assess semantic consistency, ensuring fair comparison across formats. 
We also conducted five independent runs using different sampling 
seeds for SlideBench-Closed. The mean and 95% confidence inter-
vals across runs are summarized in Supplementary Tables 20–24 and 
Extended Data Fig. 8e. The consistently narrow intervals show Slide-
Chat’s stable predictions.

Evaluation of open-ended VQA
We evaluated SlideChat’s free-form diagnostic response on 
SlideBench-Open. For patch-level baselines (GPT-4o, MedDr, 
Quilt-LLaVA and LLaVA-Med), we follow the aforementioned independ-
ent patch voting strategy to adapt them to WSI input. By contrast, Slide-
Chat jointly encodes the entire slide and question, allowing for more 
whole-slide-informed and coherent outputs (Extended Data Fig. 4b). All 
responses were anonymized, randomized and then evaluated by three 
board-certified pathologists independent of dataset construction. 
Each response was independently scored across five criteria (that is, 
accuracy, relevance, completeness, clarity and clinical applicability) on 
a five-point scale ranging from 1 (insufficient) to 5 (excellent). Criteria 
are defined in Supplementary Table 11, and interexpert agreement was 
quantified to ensure reliability.

Evaluation of pathology report generation
We used SlideBench-Report to evaluate SlideChat’s capability to gener-
ate diagnostic reports. SlideChat was compared against HistoGPT24 and 
PRISM25, two specialized report-generation models. All models received 
identical WSIs and generated slide-level reports (Extended Data Fig. 9). 
Evaluation used standard natural language processing metrics, includ-
ing BLEU36, ROUGE-L35 and METEOR34. These metrics measure n-gram 
overlap but may not capture semantic quality. We further used GPT-4 
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as a judge to assess accuracy, completeness, clinical relevance and 
professional language, providing a more comprehensive evaluation. 
We additionally evaluated SlideChat over five independent runs using 
distinct sampling seeds for SlideBench-Report. Mean performance and 
95% confidence intervals are reported in Supplementary Tables 25–28.

Ablation studies
Ablation studies on SlideBench-Closed (Extended Data Fig. 10a) vali-
date key components. We first evaluated the necessity of slide-level 
encoder; removing it resulted in convergence failure during stage 1. 
When we tested an alternative variant without slide-level encoder using 
only stage 2 (row 1 in Extended Data Fig. 10a), the accuracy dropped 
significantly across the TCGA, BCNB and CPTAC cohorts compared with 
our default version (row 3), confirming the critical role of slide-level 
encoder in modeling gigapixel-scale context. We then assessed the 
training efficacy by comparing our two-stage strategy against joint 
single-stage training. The results showed that the two-stage approach 
(row 3) consistently outperformed the single-stage counterpart (row 
2), showing that progressive alignment is critical for bridging visual 
and language modalities.

Computational efficiency
We report the computational resources required for SlideChat infer-
ence by measuring GPU memory and end-to-end runtime across 
different patch-token counts (Extended Data Fig. 10b,c). Both scale 
approximately linearly with input size. For WSIs with up to 20,000 
patches, inference completes in 10 s using less than 20 GB memory, 
showing SlideChat’s practical feasibility on standard hardware.

Analysis of potential performance bias
We implemented a class-balanced sampling strategy during SlideChat 
training to mitigate cancer type imbalance. To further examine whether 
such imbalance induces systematic performance bias, we analyzed 
the correlation between training sample size and accuracy across 31 
cancer types in SlideBench-Closed. No significant correlation was 
observed (Spearman ρ = 0.035, P = 0.824) (Extended Data Fig. 10d), sug-
gesting that SlideChat does not systematically favor high-prevalence 
cancer types.

Question-guided interpretability
To better understand how SlideChat uses visual information when 
answering specific clinical queries, we designed a question-guided 
interpretability method based on token-level attention analysis. Spe-
cifically, we identify WSI-derived visual tokens and aggregate their 
attention weights across all attention heads and layers in the LLM. 
Averaging these yields a single attention score per token, quantify-
ing its contribution to the generated response. These scores are then 
mapped back to their spatial locations on the WSI, producing a heat 
map that highlights which regions SlideChat attended to most strongly 
in the context of the given question (Extended Data Figs. 3 and 4c). This 
provides intuitive insight into SlideChat’s decision process and visual 
evidence supporting its responses.

Beyond attention maps, we conducted a patch-level perturba-
tion experiment to validate SlideChat’s dependence on meaning-
ful visual evidence. For each WSI, we corrupted patches with the top 
25% and bottom 25% attention scores using Gaussian noise, respec-
tively, and test SlideChat’s output. We observed that the former led 
to a significantly sharper performance decline compared to the latter 
(Extended Data Fig. 10e), confirming that SlideChat relies on informa-
tive visual regions when generating responses.

Comparison with representational foundation models
We distinguish SlideChat from current pathology foundation models 
such as CONCH8, TITAN37, CHIEF10 and Prov-GigaPath6. These models 
function as visual encoders that require task-specific fine-tuning (for 

example, training separate classifiers) to perform diagnostic tasks. 
By contrast, SlideChat is an interactive MLLM that interprets WSIs 
through natural language, addressing queries without task-specific 
adaptation. We compared SlideChat against these models on four 
BCNB classification tasks (Extended Data Fig. 10f). Foundation mod-
els were fine-tuned using fivefold cross-validation, while SlideChat 
was evaluated in a zero-shot conversational setting yet achieved 
comparable performance.

Analysis of the clinical fidelity of SlideInstruction data
To assess the clinical fidelity and potential bias in our SlideInstruc-
tion dataset, we curated two clinician-authored datasets for com-
parative benchmarking: SlideInstruction+ and SlideInstruction++. 
SlideInstruction+ comprises 436 QA pairs manually authored by four 
board-certified pathologists across 11 tumor types in TCGA, capturing 
real-world reasoning patterns. SlideInstruction++ scales this to 10,386 
QA pairs by extracting ten high-frequency diagnostic categories (for 
example, morphology, subtyping and staging) from SlideInstruction+ 
and using clinician-written seed exemplars to guide LLM-based data 
curation, followed by manual review by experts to ensure factual accu-
racy and alignment with standard diagnostic criteria.

We compared SlideChat variants trained on these datasets against 
the default model trained on the original SlideInstruction dataset 
(Extended Data Fig. 10g). Across the SlideBench-Closed cohorts, adding 
clinician-authored instructions or clinician-verified synthetic expan-
sions yielded consistent but modest improvements. This suggests that 
the original SlideInstruction dataset captures sufficient clinical signals 
for developing strong pathology models without the prohibitive cost 
of large-scale manual curation.

Statistics and reproducibility
This study was primarily based on retrospective and publicly available 
datasets; no randomization of patients, specimens or slide-level data 
pairs was performed. Randomization was applied only in the prospec-
tive reader study, in which the order of cases was randomized and the 
assisted and unassisted reading conditions were counterbalanced 
across readers. Blinding was used only in expert evaluation experi-
ments: pathologists were blinded to model identity in the open-ended 
QA evaluation and the reader study. For dataset curation, model devel-
opment and automated benchmark evaluation, blinding was not appli-
cable or was not performed. No additional post hoc exclusions were 
applied when benchmarking. We filtered out tiles with low tissue occu-
pancy as background during model development. Data distribution was 
assumed to be normal, but this was not formally tested. No statistical 
methods were used to predetermine sample sizes, but our sample sizes 
were similar to those reported in previous publications8,14,24.

We estimate 95% confidence intervals using non-parametric 
bootstrapping51 with 1,000 replicates and assess performance differ-
ences between models using a two-sided Wilcoxon signed-rank test52, 
reporting the corresponding P values for statistical significance. Unless 
stated otherwise, we applied the Benjamini–Hochberg procedure to 
adjust P values for the false discovery rate (FDR) to control for multiple 
comparisons. Specifically, corrections were applied across task-level 
comparisons for the SlideBench-Closed and across organ-level com-
parisons for the SlideBench-Report benchmark.

Computing hardware and software
All experiments were implemented using Python (v3.10.15) and PyTorch 
(v2.4.0) with CUDA 12.1 support. The experiments are fully reproducible 
using the open-source libraries listed below. WSI preprocessing was 
performed using OpenSlide (v3.4.1) and openslide-python (v1.4.1), with 
each slide tiled into non-overlapping 224 × 224 patches at ×20 magni-
fication. Our model was developed based on the Xtuner framework 
(https://github.com/InternLM/xtuner). Training was conducted on 
eight NVIDIA A100 GPUs, and inference was carried out using a single 
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NVIDIA A100 GPU. To accelerate training, we used Flash Attention 
(v2.5.8) and DeepSpeed (v0.16.1). For baseline comparison, we used 
Faiss (v1.8.0) to perform K-means clustering for selecting representa-
tive patches. Pandas (v2.2.3) was used to perform random sampling 
during the non-parametric bootstrapping procedure (1,000 itera-
tions) to estimate 95% confidence intervals for all reported metrics. 
Visualization of model outputs and evaluation results was performed 
using matplotlib (v3.9.3) and seaborn (v0.13.2).

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The TCGA and CPTAC datasets, including whole-slide images and 
associated labels, are publicly available through the NIH Genomic 
Data Commons (https://portal.gdc.cancer.gov) and the Proteomic 
Data Commons (https://proteomic.datacommons.cancer.gov), 
respectively. The extracted TCGA pathology reports are available at 
https://github.com/tatonetti-lab/tcga-path-reports. The BCNB data-
set, including whole-slide images and diagnostic labels, is available 
at https://bcnb.grand-challenge.org/. The HISTAI dataset, including 
metadata and whole-slide images, is available at https://github.com/
HistAI/HISTAI. The SlideChat training and evaluation benchmark data 
are released at https://huggingface.co/datasets/General-Medical-AI/
SlideChat. The MOP cohort was collected under a retrospective study 
approved by the Eastern Hepatobiliary Surgery Hospital (approval 
number EHBHKY2025-K042-P001). The MOP cohort is subject to con-
trolled access owing to patient privacy obligations and institutional 
data governance requirements. Requests for access may be submitted 
to the corresponding author with a brief research plan and are subject 
to institutional approval and completion of a data use agreement. We 
aim to respond to all data access requests in 4 weeks. Data usage is 
restricted to non-commercial academic research purposes. Source 
data are provided with this paper.

Code availability
The source code for model training and inference is publicly avail-
able at https://github.com/uni-medical/SlideChat. The model 
weights are available at https://huggingface.co/General-Medical-AI/
SlideChat_Weight.
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Extended Data Fig. 1 | Examples of the SlideInstruction dataset. a, Examples 
of WSI-caption pairs. Raw diagnostic reports are parsed to extract concise 
summaries that highlight key pathological descriptions, forming instruction-
style captions for WSI-language alignment during the first training stage of 

SlideChat. b, Examples of instruction-style question-answer pairs, generated 
from raw pathology reports across multiple groups to guide the model toward 
understanding and responding to complex pathology instructions.
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Extended Data Fig. 2 | Comparison between SlideChat and patch-level 
models on complex examples. Patch-level models can struggle with high-level 
reasoning tasks such as pathologic staging, tumor subtyping, and describing 
global tumor arrangement. For instance, in a challenging bladder cancer case, 

patch-level models failed to correctly identify the invasive stage (pT3), likely due 
to their inability to integrate spatial context across the entire slide. In contrast, 
SlideChat correctly analyzed the global architecture to provide the accurate 
stage.
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Extended Data Fig. 3 | Question-guided attention heatmaps based on 
different queries, demonstrating how SlideChat reallocates focus based on 
the specific diagnostic question. a–c, In an adenocarcinoma case, attention 
shifts from nuclear details to glandular architecture depending on whether the 

prompt queries cytology or differentiation. d–f, In a breast carcinoma case, the 
model distinctly attends to fibrous stroma versus tumor nests when the inquiry 
shifts from stromal reaction to cellular arrangement.
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Extended Data Fig. 4 | Pathologist evaluation and qualitative comparison 
of open-ended question answering. a, Pathologist evaluation on SlideBench-
Open (N = 129 samples). Models were assessed on five criteria across four groups 
of tasks. SlideChat outperforms all baselines across most dimensions. Data 
are presented as mean values ± s.d. b, A case from SlideBench-Open assessing 
responses to a differential diagnosis question for a malignant neoplasm. 
SlideChat generated the most diagnostically accurate and case-specific answer, 

integrating key pathological features to support a refined melanoma diagnosis. 
GPT-4o produced a broad but weakly prioritized differential, MedDr gave a brief 
but aligned response, whereas Quilt-LLaVA and LLaVA-Med returned generic 
answers with limited case-specific reasoning. c, Question-guided attention 
heatmaps. Representative examples showing how SlideChat integrates question 
context and visual evidence for open-ended reasoning on WSIs.

http://www.nature.com/natcancer


Nature Cancer

Technical Report https://doi.org/10.1038/s43018-026-01220-4

Extended Data Fig. 5 | Evaluation of SlideChat in multiturn conversational 
settings. a, Comparison of diagnostic accuracy between single-turn and 
multiturn interactions. b, Assessment of cross-turn consistency. c, Evaluation of 
self-contradictory hallucinations. d, A representative case study of cross-turn 
inconsistency, where the model initially identifies a node-negative tumor but 

later contradicts this finding during prognostic assessment. e, A representative 
case study of self-contradictory hallucination, illustrating a response that 
simultaneously claims the tumor is confined to the epithelium while reporting 
vascular invasion.
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Extended Data Fig. 6 | Prompt templates and dataset construction pipeline. 
The workflow illustrates the generation of SlideInstruction and SlideBench. The 
process includes report cleaning, summarized report generation, question–

answer generation from reports and labels, and LLM-based filtering. LLM-based 
filtering is applied specifically to SlideBench-Closed to ensure the rigor and 
validity of the evaluation options.
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Extended Data Fig. 7 | LLM and pathologist verification workflow for quality 
control. The LLM verification ensures that the question-answer pairs cannot be 
answered without the visual inspection of the WSI. Then, pathologists evaluate 

the image dependency, task categorization and QA correctness. Examples of 
accepted and rejected items are shown. Illustrations of pathologists created in 
BioRender; Chen, Y. https://biorender.com/fhfegvb (2026).
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Extended Data Fig. 8 | Patch-level model adaptation and SlideChat 
performance consistency analysis. a–c, Comparison of WSI-native SlideChat 
with patch-level baselines under different WSI adaptation strategies. 
Performance was evaluated on the SlideBench-Closed benchmark across TCGA 
(N = 3,176 samples), BCNB (N = 4,232 samples), and CPTAC (N = 240 samples). 
Data are presented as mean values ± s.d. across 1,000 bootstrap replicates. 
P values were calculated by comparing SlideChat with the best-performing 
baseline using two-sided Wilcoxon signed-rank tests with Benjamini–Hochberg 
FDR correction. a, Independent patch voting, where the model independently 
receives representative patches from K-means clusters and predicts the slide 
label through majority voting. TCGA: P = 2.28e-60; BCNB: P = 1.26e-70; CPTAC: 

P = 2.02e-05. b, Slide thumbnail input, where the model receives downsampled 
whole-slide thumbnails. TCGA: P = 7.27e-67; BCNB: P = 5.13e-86; CPTAC: P = 2.54e-
16. c, Joint multi-patch input, where representative patches from K-means 
clusters are jointly fed into the model. TCGA: P = 6.35e-65; BCNB: P = 9.11e-53; 
CPTAC: P = 1.12e-13. d, Patch selection sensitivity analysis on SlideBench-Closed: 
TCGA. Accuracy remains stable when varying input patch counts. Baseline 
models consistently perform better with K-means patch selection than random 
sampling. e, Performance consistency across five independent runs. Results 
are shown for SlideBench-Closed (N = 8,836 samples) and SlideBench-Report 
(N = 3,149 samples). Error bars represent 95% confidence intervals.
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Extended Data Fig. 9 | Comparing model outputs on report generation. a, 
Two case examples from TCGA demonstrating model performance on free-text 
pathology report generation across different cancer types (SKCM and BLCA). 
SlideChat consistently produced accurate and complete reports, correctly 
capturing tumor type, anatomical location, invasion status, lymphovascular 
features, TNM staging, and relevant histological details. Its outputs closely 
matched the reference clinical reports, using structured language and expert-
level terminology. In contrast, HistoGPT produced anatomically inconsistent 
or diagnostically mismatched responses, while PRISM returned brief diagnoses 
lacking contextual or morphological explanation. b, Two additional case 

examples from CPTAC on pathology report generation across distinct tumor 
types: clear cell renal cell carcinoma (CCRCC) (left) and lung squamous cell 
carcinoma (LSCC) (right). SlideChat generated highly accurate and structured 
reports, correctly identifying the tumor subtype, anatomical location, and 
pathological characteristics such as Fuhrman grade, pT2a staging, absence 
of vascular/perineural invasion, and margin negativity. Its responses also 
contextualized benign changes (for example, emphysematous alterations in 
the lung) and avoided irrelevant speculation. In contrast, HistoGPT produced 
anatomically or diagnostically inconsistent descriptions, while PRISM’s outputs 
were short and often lacked core histological detail.
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Extended Data Fig. 10 | See next page for caption.
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Extended Data Fig. 10 | Additional analysis of SlideChat. a, Ablation study of 
the slide-level encoder and two-stage training, evaluated on SlideBench-Closed 
across TCGA (N = 3,176 samples), BCNB (N = 4,232 samples), and CPTAC (N = 240 
samples). Both components are indispensable for SlideChat performance.  
b, GPU memory usage during SlideChat inference. c, SlideChat inference time.  
d, Relationship between organ-level training size in SlideInstruction and 
SlideChat performance on SlideBench-Closed. Each point shows accuracy for a 
specific organ in one benchmark dataset; colors and shapes indicate the source 
dataset. The x-axis shows the number of training samples per organ on a log10 
scale, and the y-axis shows SlideChat accuracy for the corresponding organ. 
The dashed line denotes a linear regression fit, showing no strong monotonic 
association between training sample size and performance. e, Sensitivity of 
SlideChat to visual corruption. Gaussian noise was introduced to patches with 
top or bottom 25% attention scores. The observed monotonic drop in accuracy 
across all datasets confirms that SlideChat relies on meaningful visual content 

rather than artifacts. f, Comparison between SlideChat and state-of-the-art 
pathology foundation models (CONCH, TITAN, CHIEF, and Prov-GigaPath)  
on the BCNB cohort across four classification tasks: Tumor, ER, PR, and HER2  
status. Each task includes an independent test set of N = 1,058 samples.  
SlideChat achieves competitive performance with these specialized models.  
g, Performance of SlideChat trained with different instruction datasets. Accuracy 
on SlideBench-Closed using the original SlideInstruction dataset, the clinician-
authored SlideInstruction+ dataset, and the expanded SlideInstruction++ 
dataset. The three variants achieve comparable performance across TCGA, 
BCNB, CPTAC, HISTAI (N = 769 samples) and MOP (N = 419 samples) cohorts. 
Statistical significance was assessed by comparing the default SlideInstruction-
trained SlideChat model against the best-performing enhanced training variant 
using two-sided Wilcoxon signed-rank tests with Benjamini–Hochberg FDR 
correction; CPTAC, P = 0.033; HISTAI, P = 0.0036. For panels e–g, data are 
presented as mean values ± s.d. across 1,000 bootstrap replicates.
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